Abstract: Lane-changing is an important operation of an autonomous vehicle driving on the road. Safety and comfort are fully considered by excellent drivers in lane-changing operation. However, only the kinematic and dynamic constraints are taken into account in the traditional path planning methods, and the path generated by the traditional methods is very different from the actual trajectory of the vehicle driven by the excellent driver. In this paper, a path planning method for imitating the lane-changing operation of excellent drivers is proposed. Five experienced drivers are invited to do the lane-changing test, and the lane-changing trajectories data under different conditions are recorded. The excellent driver lane-changing model is established based on the genetic algorithm (GA) and back propagation (BP) neural network trained by the data of the lane-changing tests. The proposed approach can plan out an optimized lane change path according to the vehicle condition by learning the excellent drivers' driving routes. The results of simulations verify that the path generated by the proposed algorithm is basically same as the track selected by the excellent drivers under same conditions, which can reflect the characteristics of the operations of the excellent driver. While applying safe lane-changing to autonomous vehicle, it can improve the ride comfort of the vehicle and therefore reduce the probability of motion sickness of the passengers caused by improper operation during lane change.
Introduction
In recent years, with the continuous increase in vehicle ownership, the problem of traffic safety has been deteriorating. Smart vehicles and unmanned driving that can effectively improve traffic safety are being vigorously developed and applied. Path planning that generates a driving route from the initial point to the destination is one of the keys features of unmanned driving technology. For autonomous vehicles, the constraints of vehicle kinematic and dynamics are important to be studied in path planning algorithm in addition to the obstacles avoidance.
Path planning methods for autonomous vehicles have been widely studied. There are some advanced path planning methods for autonomous road vehicles, such as artificial potential field methods [1, 2] and optimal control [3, 4] . The obstacles, road structures, and vehicle dynamics are considered in these proposed methods. However, there is a sudden change in the curvature of the trajectory generated by these methods, and it is often necessary to smooth the generated path and increase the workload. Many studies about curvature-continuous path planning methods have been conducted [5] [6] [7] . In these studies, some continuous curves such as Bezier curve are used for
The fitting of driver's lane-changing path based on six-order polynomial is shown in Section 3. In Section 4, the excellent driver model based on GA-BP neural networks is highlighted. Simulation results are discussed in Section 5. Finally, Section 6 presents some concluding remarks.
Acquisition of Ideal Path

Lane-Changing Test
Lane changing is one of the important operations in driving. The driver will plan out an ideal path to make the vehicle move smoothly before starting to change lane. To study the characteristics of the path that the excellent driver planned at the time of lane changing, driving tests with excellent drivers were carried out. Figure 1 shows the test vehicle used in this experiment. It is equipped with GPS device to record the travel path and S-Motion biaxial optical speed sensor to obtain the yaw rate and lateral acceleration of the vehicle. Due to the difference of driving experience and driving habits, different drivers usually have different driving characteristics. An evaluation questionnaire about the types of driver was designed. After each experiment, the passenger appraised the ride experience. Thus, the drivers were divided into three types based on the driving characteristics: aggressive, intermediate and conservative. To track the difference in lane-changing paths between different drivers, five experienced drivers were invited to participate in the experiment. Information of the five drivers is shown in Table 1 . During driving, the drivers were required to do the lane-changing operation to meet the demand of obstacle avoidance or overtaking as well as others operation. In this experiment, the test was divided into two working conditions: obstacle avoidance lane change and free lane change. The single lane change test was conducted as the obstacle avoidance condition by changing the pile position to simulate different obstacle distance. Figure 2 shows the single lane change test environment.
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Data Processing
Owing to the data recoded by GPS being longitude, latitude and elevation, it is difficult to directly reflect the vehicle's actual running path in the geodetic coordinate system. In geographic coordinate system, the origin of the coordinates lies in the centroid of the carrier, and its X g axis, Y g axis and Z g axis are the east, north and sky directions, respectively, of the carrier's location. To accurately describe the travel path, it is necessary to transform the coordinates of the geodetic coordinate system into the geographic coordinate system. However, a direct conversion of coordinates between the geodetic coordinate system and the geographic coordinate system is hard to process. Therefore, the Earth Cartesian coordinate system is introduced into the transformation. The relationships between the geodetic coordinate system, the geographic coordinate system and the Earth Cartesian coordinate system are shown in Figure 3 . Driver Number Gender Age Driving Age(Years) Driver 1  Female  55  33  Driver 2  Male  28  10  Driver 3  Male  53  31  Driver 4  Male  46  22  Driver 5 Male 53 21
Owing to the data recoded by GPS being longitude, latitude and elevation, it is difficult to directly reflect the vehicle's actual running path in the geodetic coordinate system. In geographic coordinate system, the origin of the coordinates lies in the centroid of the carrier, and its Xg axis, Yg axis and Zg axis are the east, north and sky directions, respectively, of the carrier's location. To accurately describe the travel path, it is necessary to transform the coordinates of the geodetic coordinate system into the geographic coordinate system. However, a direct conversion of coordinates between the geodetic coordinate system and the geographic coordinate system is hard to process. Therefore, the Earth Cartesian coordinate system is introduced into the transformation. The relationships between the geodetic coordinate system, the geographic coordinate system and the Earth Cartesian coordinate system are shown in Figure 3 . The coordinates of the point P is (L, λ, h) in geodetic coordinate system. The coordinates of the point P (xe, ye, ze) in the Cartesian coordinate system can be obtained from Equation (1) .
where RN is the radius of curvature of the ellipsoid, RN = Re (1 + esin2L) . e is eccentricity of ellipsoid, e = (Re-Rp)/Re. Re is the long radius of the ellipse and Rp is the short radius of the ellipsoid.
The travel path of the vehicle is a spatial curve connected by many spatial points in geodetic coordinate system. The spatial curve needs to be projected to the xg − yg plane in the geographic The coordinates of the point P is (L, λ, h) in geodetic coordinate system. The coordinates of the point P (x e , y e , z e ) in the Cartesian coordinate system can be obtained from Equation (1) .
where R N is the radius of curvature of the ellipsoid, R N = R e (1 + esin2L). e is eccentricity of ellipsoid, e = (R e − R p )/R e . R e is the long radius of the ellipse and R p is the short radius of the ellipsoid. The travel path of the vehicle is a spatial curve connected by many spatial points in geodetic coordinate system. The spatial curve needs to be projected to the x g − y g plane in the geographic coordinate system. To facilitate the analysis of the driving path, the coordinate origin of the geographical coordinate system is set at the initial record point of the driving track. Thus, the coordinates of each sampling point in the Earth Cartesian coordinate system needs to be transformed by Equation (2) .
Then, the coordinates of the Earth Cartesian coordinate system are transformed into the coordinates of the geographic coordinate system using Equation (3).
With the above transformations, the driving path can be shown accurately in two-dimensional plane of the geographic coordinate system using the coordinate (x g , y g ).
Fitting of the Test Path
Function fitting refers to search a curve expression by adjusting some undetermined coefficients in this function to minimize the difference between the function and the known set of coordinate points (x i , y i ). According to above process, the coordinates of the ideal path in the geographical coordinate system have been obtained. For the convenience of calculation, only the two-dimensional coordinate (x g , y g ) is needed to be fitted without considering the vertical motion. coordinate system. To facilitate the analysis of the driving path, the coordinate origin of the geographical coordinate system is set at the initial record point of the driving track. Thus, the coordinates of each sampling point in the Earth Cartesian coordinate system needs to be transformed by Equation (2). 
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With the above transformations, the driving path can be shown accurately in two-dimensional plane of the geographic coordinate system using the coordinate (xg, yg).
Function fitting refers to search a curve expression by adjusting some undetermined coefficients in this function to minimize the difference between the function and the known set of coordinate points (xi, yi). According to above process, the coordinates of the ideal path in the geographical coordinate system have been obtained. For the convenience of calculation, only the two-dimensional coordinate (xg, yg) is needed to be fitted without considering the vertical motion. It is necessary to satisfy the requirement of curvature continuity of the path curve to ensure the vehicle moves smoothly. Once the shape of the curve is known, the curvature-continuous fitting function should be determined. An easement curve is a curve of continuous curvature, usually set between a straight line and a circular curve or between two circular curves with different radius. There will be no mutation of the curvature of the path curve. Therefore, it can improve the comfort and stability of the vehicle considerably. There are usually two types of transition curves: clothoid It is necessary to satisfy the requirement of curvature continuity of the path curve to ensure the vehicle moves smoothly. Once the shape of the curve is known, the curvature-continuous fitting function should be determined. An easement curve is a curve of continuous curvature, usually set between a straight line and a circular curve or between two circular curves with different radius. There will be no mutation of the curvature of the path curve. Therefore, it can improve the comfort and stability of the vehicle considerably. There are usually two types of transition curves: clothoid and cubic parabola. In engineering practice, the swirl curve is obtained by the method of point selection and lofting. However, it is difficult to accurately fit the swirl curve, as its mathematical equation is too complicated, which will lead to high computation cost. The expression of polynomial curve is succinct, and all derivatives are continuous. It can accurately fit the driving path under different operation conditions by changing the coefficients of each item. In this paper, the polynomial curve is adopted as the lane-changing path.
Polynomial equations are set as follows: y = a n x n + a n−1 x n−1 + · · · + a 1 x + a 0 (4)
where y is the first derivative and y" is the second derivative of the polynomial curve. k is the curvature of a point on the curve. The center of the mass of vehicle at the beginning of lane-changing is set as the origin of the coordinate system for simplifying the system with proposer assumptions. Thus, the polynomial constant term is zero. According to the analysis of lane changing operation, it is known that, at the initial and final state of the lane-changing operation, the vehicle's heading direction should be parallel to the lane line and the steering angle shall be zero. To make the unmanned vehicle able to travel straight along the lane, it is required that the steering wheel angular speed be zero when the lane-changing operation ends. Therefore, the first derivative and the second derivative of the polynomial curve at the initial point and the final point are zero. The final point of lane-changing is set as (x f , y f ) and y f is the lane width of the current driving road. Thus, the position of the vehicle is at the middle of the lane when lane-changing is completed. While the initial and final positions of lane-changing are determined, the trajectory selected by different types of drivers will also be different, which has impact on the riding comfort of the lane-changing process. Therefore, it is necessary to consider the intermediate state of the vehicle during lane-changing path planning. It is noticed that the entire lane-changing process can be divided into three phases: collision avoidance, rotation and adjustment [30] . It can be seen that the steering wheel angular speed during the obstacle avoidance and the rotation phase are faster than that during the adjustment phase by analyzing the steering wheel angular speed during the lane-changing process. Therefore, the vehicle position state (x m , y m ) at the end of the rotation phase is adopted as the intermediate state constraint of the lane-changing operation. By substituting the state constraint of the initial point, final point and intermediate point into Equation (4), Equation (6) can be obtained as follows:
Substituting x 0 = y 0 = 0 and y f = D into Equation (6), Equation (7) is as follows:
From Equation (7), it is known that the number of polynomial coefficients need to be determined is n − 2, and the number of constraint equation is only4. To determine the unique expression of the lane-changing path, the equation (8) needs to be satisfied.
Thus, n = 6. The expression of the lane-changing trajectory is as follows:
The expression of the optimal lane-changing path under different conditions can be obtained with the middle point coordinates and the final distance of lane-changing determined.
Path Planning Method Based on Excellent Driver Lane-Changing Model
Lane-changing is an important and complex operation in vehicle driving. Trajectory has great influence on the comfort of the driverless vehicle. Optimal lane-changing trajectories of several excellent drivers under different conditions were obtained from previous research. The lane-changing model of excellent driver was established based on the GA-BP neural network trained and tested by the testing path data. The path planning method for imitating the lane-changing operation of excellent drivers is proposed. It can generate an optimal lane-changing trajectory according to the driving conditions of vehicles and the types selected by the passengers therefore improve the comfort of the autonomous vehicles. Figure 5 shows the framework of the path planning method for imitating the lane-changing operation of excellent drivers. 
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Path Planning Method Based on Excellent Driver Lane-Changing Model
Lane-changing is an important and complex operation in vehicle driving. Trajectory has great influence on the comfort of the driverless vehicle. Optimal lane-changing trajectories of several excellent drivers under different conditions were obtained from previous research. The lanechanging model of excellent driver was established based on the GA-BP neural network trained and tested by the testing path data. The path planning method for imitating the lane-changing operation of excellent drivers is proposed. It can generate an optimal lane-changing trajectory according to the driving conditions of vehicles and the types selected by the passengers therefore improve the comfort of the autonomous vehicles. Figure 5 shows the framework of the path planning method for imitating the lane-changing operation of excellent drivers. 
GA-BP Neural Networks
BP neural network is a multi-unit feed forward neural network, which can be trained by error back propagation. The error of the actual output value and the desired output value of the network is minimized by adjusting the weights and thresholds based on the gradient descent method. There 
BP neural network is a multi-unit feed forward neural network, which can be trained by error back propagation. The error of the actual output value and the desired output value of the network is minimized by adjusting the weights and thresholds based on the gradient descent method. There are three units in the BP neural network: input layers, output layers and hidden layers. In the training process, there are two stages of forward and back propagation. In the stage of forward propagation, the input information is transmitted from the input layer through the hidden layer to the output layer. The state of each layer only affects the next layer state of neurons. The back propagation is introduced in the case the error is larger than the threshold. The weights of each layer of neurons are modified to minimize the error.
Genetic algorithm is a global optimization random search algorithm. It can get the individual with high adaptation degree by simulating the phenomena of selection, crossover and mutation in the genetic process. To solve the problem that BP neural network algorithm is easy to fall into local optimal solutions, the GA is used to optimize the initial weights and thresholds of BP neural network. The population of GA is generated based on the weights and thresholds of BP neural network. With going through the selection, crossover and mutation process, the optimal individuals are selected as the initial weights and thresholds of BP neural network. With GA, the convergence speed of the BP neural network can be improved significantly and the possibility of falling into local optimal solutions can be reduced. Figure 6 shows the GA-BP neural network algorithm flow chart. The specific algorithm is as follows:
(1) Initialization of the population
The initial population of scale P, X = (X 1 , X 2 , . . . , X p ) T , is randomly generated. The individual code, X i = (x 1 , x 2 , . . . , x s ), utilizes the real number coding method. The length coding is as follows:
where m is hidden layer nodes, n is input layer nodes and l is output layer nodes.
(2) Determination of the fitness function
In the GA-BP model, the use of a fitness function F is based on the error of the output layer. The function F is defined as:
where y j is the expected output. o j is the actual output based on the weights and thresholds generated in Step 1. k is compensation factor.
(3) Selection operation
This paper uses the roulette method to select the operator. The probability of each individual is calculated as follows
(4) Crossover operation
The crossover operation between the chromosome k and the chromosome l in the gene j is as follows
where b is a random number in [0, 1].
(5) Mutation operation
The mutation operation of the chromosome i in the gene j is as follows
where x min and x max are the minimum and maximum values of the x ij , respectively. r is a random number in [0, 1]. r 2 is a random number. g represents the current number of iterations and G max is the maximum number of evolutions.
where xmin and xmax are the minimum and maximum values of the xij, respectively. r is a random number in [0, 1] . r2 is a random number. g represents the current number of iterations and Gmax is the maximum number of evolutions. 
Excellent Driver Lane-Changing Model
The lane-changing trajectories chosen by different drivers under the same working conditions will be different due to the various driving habits and personalities of each driver. Figure 7 shows the lane-changing paths of different drivers at the same speed. It can be observed that the driving characteristic is one of the most important factors that influence the travel route. Through the analysis of the operating habits of different drivers, the driver types are divided into aggressive, intermediate and conservative. In this research, 1 represents aggressive type, 0 represents conservative type, and 0.5 means intermediate type. Figure 8 shows the paths of the free lane change and the obstacle avoidance lane change. In the figure, it is shown that different steering intentions also create a considerable impact on the vehicle driving path. In this paper, 1 represents the intention of obstacle avoidance lane change and 0 is for free lane change. In addition, the speed and the distance from 
The lane-changing trajectories chosen by different drivers under the same working conditions will be different due to the various driving habits and personalities of each driver. Figure 7 shows the lane-changing paths of different drivers at the same speed. It can be observed that the driving characteristic is one of the most important factors that influence the travel route. Through the analysis of the operating habits of different drivers, the driver types are divided into aggressive, intermediate and conservative. In this research, 1 represents aggressive type, 0 represents conservative type, and 0.5 means intermediate type. Figure 8 shows the paths of the free lane change and the obstacle avoidance lane change. In the figure, it is shown that different steering intentions also create a considerable impact on the vehicle driving path. In this paper, 1 represents the intention of obstacle avoidance lane change and 0 is for free lane change. In addition, the speed and the distance from obstacle also have an impact on the choice of the lane-changing path. Figure 9 shown the lane-changing paths of one driver at different speeds. Therefore, the excellent driver lane-changing model in this paper has four inputs, namely driver type, steering intention, vehicle speed and distance from obstacle. According to the above analysis, the optimal lane-changing path under different conditions can be obtained when the characteristic point coordinates (x m , y m ) and the final distance x f of lane-changing are determined. Thus, the model proposed in the paper has three outputs: x m , y m , and x f .
obstacle The experimental data are shown in Table 2 . The steering intention is determined based on distance from obstacle. The distance from obstacle under free lane change condition is set to 100 m. Therefore, there are 300 experimental data. Ninety percent of the data were selected at random as the training data, while the remaining are the testing data. Figure 9 shown the lanechanging paths of one driver at different speeds. Therefore, the excellent driver lane-changing model in this paper has four inputs, namely driver type, steering intention, vehicle speed and distance from obstacle. According to the above analysis, the optimal lane-changing path under different conditions can be obtained when the characteristic point coordinates (xm, ym) and the final distance xf of lanechanging are determined. Thus, the model proposed in the paper has three outputs: xm, ym, and xf. The experimental data are shown in Table 2 . The steering intention is determined based on distance from obstacle. The distance from obstacle under free lane change condition is set to 100 m. Therefore, there are 300 experimental data. Ninety percent of the data were selected at random as the training data, while the remaining are the testing data. obstacle also have an impact on the choice of the lane-changing path. Figure 9 shown the lanechanging paths of one driver at different speeds. Therefore, the excellent driver lane-changing model in this paper has four inputs, namely driver type, steering intention, vehicle speed and distance from obstacle. According to the above analysis, the optimal lane-changing path under different conditions can be obtained when the characteristic point coordinates (xm, ym) and the final distance xf of lanechanging are determined. Thus, the model proposed in the paper has three outputs: xm, ym, and xf. The experimental data are shown in Table 2 . The steering intention is determined based on distance from obstacle. The distance from obstacle under free lane change condition is set to 100 m. Therefore, there are 300 experimental data. Ninety percent of the data were selected at random as the training data, while the remaining are the testing data. The experimental data are shown in Table 2 . The steering intention is determined based on distance from obstacle. The distance from obstacle under free lane change condition is set to 100 m. Therefore, there are 300 experimental data. Ninety percent of the data were selected at random as the training data, while the remaining are the testing data. The effectiveness of the neutral network was estimated using the GA-BP error. The error is defined as the difference between the simulation output and experimental output as Equation (17) . For the testing in this research, the error is shown in Figure 10 . In the figure, it can be observed that the GA-BP neural network is with high accuracy.
where output_simu is the output value of the GA-BP neural network and output_testing is the value of the testing date. Figure 11 shows the mean square error variation curve of the GA-BP neural networks model. The mean square error is 0.009 after training, and it can meet the precision requirements.
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Obstacle Avoidance Simulation
Obstacle avoidance simulation test conditions: The speed is set to 30 km/h and 40 km/h, respectively; lane width is 3.75 m; and the distance to obstacle at the beginning of steering is 35 m.
Figures 12 and 13 are the simulation results at the speed of 30 km/h under the obstacle avoidance conditions. Figure 12a shows the simulation trajectory and actual trajectory of the conservative driver under the obstacle avoidance conditions. Figure 13a shows 
Obstacle avoidance simulation test conditions: The speed is set to 30 km/h and 40 km/h, respectively; lane width is 3.75 m; and the distance to obstacle at the beginning of steering is 35 m. Figures 12 and 13 are the simulation results at the speed of 30 km/h under the obstacle avoidance conditions. Figure 12a shows the simulation trajectory and actual trajectory of the conservative driver under the obstacle avoidance conditions. Figure 13a shows Figure 14a shows the simulation trajectory and actual trajectory of the conservative driver under the obstacle avoidance conditions. Figure 15a shows the two paths of the aggressive driver. Figures 14a and 15a show that the simulation path and the actual path are very close to each other. It means the simulation trajectory can reflect the characteristics of excellent drivers' lane-changing trajectories under the same working conditions. Figures 14b and 15b are the lateral deviation between the simulated and real trajectories of conservative drivers and aggressive drivers at the speed of 40 km/h. The maximum lateral deviations are 0.087 m and 0.075 m, respectively, which means the method can keep high accuracy with the increased speed. Figure 14a shows the simulation trajectory and actual trajectory of the conservative driver under the obstacle avoidance conditions. Figure 15a shows the two paths of the aggressive driver. Figures 14a and 15a show that the simulation path and the actual path are very close to each other. It means the simulation trajectory can reflect the characteristics of excellent drivers' lane-changing trajectories under the same working conditions. Figures 14b and 15b are the lateral deviation between the simulated and real trajectories of conservative drivers and aggressive drivers at the speed of 40 km/h. The maximum lateral deviations are 0.087 m and 0.075 m, respectively, which means the method can keep high accuracy with the increased speed. As can be observed in Figures 12a, 13a, 14a and 15a, the longitudinal distance of the lanechanging trajectory is increased with the increased speed, and the longitudinal distance of the conservative driver at the same speed is shorter than that of the aggressive driver at same speed. This is because, in the process of obstacle avoidance, the conservative drivers usually keep a larger safety distance, and a larger steering wheel angle will be input at the early stage of the lane-changing. Therefore, the vehicle will travel to the target lane as soon as possible. Aggressive drivers often choose a smaller safety distance, so the lane-changing operation is more stable, making the terminal distance of lane changing longer.
(a) As can be observed in Figures 12a, 13a, 14a and 15a , the longitudinal distance of the lane-changing trajectory is increased with the increased speed, and the longitudinal distance of the conservative driver at the same speed is shorter than that of the aggressive driver at same speed. This is because, in the process of obstacle avoidance, the conservative drivers usually keep a larger safety distance, and a larger steering wheel angle will be input at the early stage of the lane-changing. Therefore, the vehicle will travel to the target lane as soon as possible. Aggressive drivers often choose a smaller safety distance, so the lane-changing operation is more stable, making the terminal distance of lane changing longer. As can be observed in Figures 12a, 13a, 14a and 15a, the longitudinal distance of the lanechanging trajectory is increased with the increased speed, and the longitudinal distance of the conservative driver at the same speed is shorter than that of the aggressive driver at same speed. This is because, in the process of obstacle avoidance, the conservative drivers usually keep a larger safety distance, and a larger steering wheel angle will be input at the early stage of the lane-changing. Therefore, the vehicle will travel to the target lane as soon as possible. Aggressive drivers often choose a smaller safety distance, so the lane-changing operation is more stable, making the terminal distance of lane changing longer.
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Free Lane-Changing Simulation
Free lane-changing simulation test conditions: The speed is 30 km/h and 40 km/h, respectively; lane width is 3.75 m; and there is no obstacle. Figures 16 and 17 are the simulation results at the speed of 30 km/h under the free lane-changing conditions. Figure 16a shows the simulation trajectory and actual trajectory of the aggressive driver under the free lane-changing conditions. Figure 17a shows the two trajectories of the conservative driver. The red curve represents the lane change track obtained by the lane-changing path generation algorithm proposed in this paper. The blue curve represents the test trajectory. In Figures 16a and  17a , it can be seen that the coincidence of the trajectory obtained by the simulation and the actual trajectory of the test is high. Figures 16b and 17b are the lateral error between the simulation and testing of aggressive drivers and conservative drivers, respectively. The maximum lateral deviations 
Free lane-changing simulation test conditions: The speed is 30 km/h and 40 km/h, respectively; lane width is 3.75 m; and there is no obstacle. Figures 16 and 17 are the simulation results at the speed of 30 km/h under the free lane-changing conditions. Figure 16a shows the simulation trajectory and actual trajectory of the aggressive driver under the free lane-changing conditions. Figure 17a shows the two trajectories of the conservative driver. The red curve represents the lane change track obtained by the lane-changing path generation algorithm proposed in this paper. The blue curve represents the test trajectory. In Figures 16a and  17a , it can be seen that the coincidence of the trajectory obtained by the simulation and the actual trajectory of the test is high. Figures 16b and 17b are the lateral error between the simulation and testing of aggressive drivers and conservative drivers, respectively. The maximum lateral deviations Figure 18a shows the simulation trajectory and actual trajectory of the aggressive driver under the obstacle avoidance conditions. The two trajectories of the conservative driver at 40 km/h are presented in Figure 19a . The two diagrams show that the features of the route chosen by experienced driver can be represented by the simulation path. The lateral error between the simulation and test are shown in Figures 18b and 19b . The maximum lateral deviations are 0.088 m and 0.16 m, respectively, which means the algorithm is with high accuracy under the free lanechanging condition.
In Figures 16a, 17a, 18a and 19a , it can be seen the longitudinal distance chosen by the same type of drivers increases with the speed under the free lane-changing condition. However, the longitudinal distance chosen by the conservative driver under the free lane-changing condition is significantly longer than that of aggressive driver. Because a driver conducts the lane-changing operation according to his own habit when there is no obstacle under free condition, for the conservative driver, to reduce the lateral acceleration when changing lanes, the input steering wheel angle at the beginning of lane change will be reduced, which increases the longitudinal distance of the entire lane change, whereas, for aggressive drivers, they will choose to complete the lane change within shortest possible time, which requires a large steering wheel angle input, resulting in a smaller longitudinal distance of the lane-changing path. Figure 18a shows the simulation trajectory and actual trajectory of the aggressive driver under the obstacle avoidance conditions. The two trajectories of the conservative driver at 40 km/h are presented in Figure 19a . The two diagrams show that the features of the route chosen by experienced driver can be represented by the simulation path. The lateral error between the simulation and test are shown in Figures 18b and 19b . The maximum lateral deviations are 0.088 m and 0.16 m, respectively, which means the algorithm is with high accuracy under the free lane-changing condition.
In Figures 16a, 17a, 18a and 19a , it can be seen the longitudinal distance chosen by the same type of drivers increases with the speed under the free lane-changing condition. However, the longitudinal distance chosen by the conservative driver under the free lane-changing condition is significantly longer than that of aggressive driver. Because a driver conducts the lane-changing operation according to his own habit when there is no obstacle under free condition, for the conservative driver, to reduce the lateral acceleration when changing lanes, the input steering wheel angle at the beginning of lane change will be reduced, which increases the longitudinal distance of the entire lane change, whereas, for aggressive drivers, they will choose to complete the lane change within shortest possible time, which requires a large steering wheel angle input, resulting in a smaller longitudinal distance of the lane-changing path. 
Conclusions
A new lane-changing path planning method for unmanned vehicles is proposed in this paper. It is developed to generate a path that can make the vehicle finish the lane-changing operation smoothly and safely based on the information of vehicle speed, steering intention, obstacle and driving style. First, to obtain the lane-changing paths of the excellent drivers under different conditions, many real vehicle tests were carried out. Then, the final point and intermediate feature point of each lane change trajectory were extracted, with the expression of each path obtained. Next, the excellent driver model based on the GA-BP neural network was established and trained with experimental data. Finally, the path planning algorithm for imitating the lane-changing operation of excellent drivers was developed and presented.
The path developed in this paper can imitate real excellent driver lane-changing path to meet the kinematic constraints of the vehicle and avoid the obstacles at the same time. Simulation results verifies that the path planning method proposed in this research can generate an optimal lanechanging trajectory according to the vehicle driving condition and the driving styles selected by the passengers, which is basically the same with the trajectory selected by the excellent driver under the same conditions and the lateral error between the two trajectories is small. Therefore, the lanechanging path planning algorithm proposed in this paper can imitate the excellent driver to change the lane, improve the stability of the unmanned vehicle, improve the riding comfort of passengers, and reduce the probability of passengers suffering from motion sickness. 
The path developed in this paper can imitate real excellent driver lane-changing path to meet the kinematic constraints of the vehicle and avoid the obstacles at the same time. Simulation results verifies that the path planning method proposed in this research can generate an optimal lane-changing trajectory according to the vehicle driving condition and the driving styles selected by the passengers, which is basically the same with the trajectory selected by the excellent driver under the same conditions and the lateral error between the two trajectories is small. Therefore, the lane-changing path planning algorithm proposed in this paper can imitate the excellent driver to change the lane, improve the stability of the unmanned vehicle, improve the riding comfort of passengers, and reduce the probability of passengers suffering from motion sickness.
